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In the construction field, compressive strength is one of the 
most critical parameters of concrete. However, a significant 
amount of physical effort and natural raw materials are 
required to produce concrete. In addition, the curing period 
of concrete for at least 28 days is a must for attaining the 
required compressive strength. Various types of industrial 
and agricultural wastes have been used in concrete to reduce 
cement consumption and problems due to its production. 
Therefore, considering such constraints, the application of 
Artificial Intelligence (AI) has been widely used in_ the 
current scenarios to predict the desired output parameters. In 
the present study, 12 input parameters have been considered 
along with 455 data points and nine Machine Learning (ML) 
models to forecast the compressive strength of Fly Ash (FA) 
based concrete. The output from the models has _ been 
compared to find the best-fit model in terms of numerous 
analyses such as visual descriptive statistics, errors, R’, 
Taylor’s diagram, Feature Importance (FI), and scatter plots. 
Based on the analysis of the current study, Decision Tree 
(DT) and Gradient Boost (GB) were found to be the best-fit 
model because of the least errors and higher R’ values as 
compared to other models. 
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1. Introduction 


In the past few years, the involvement of new technologies, having enormous influence in 
various sectors, has brought a revolution and significantly impacted human lives [1]. The 
employment of technology has always benefited people in in primary, secondary or tertiary 
sectors. However, all these profits and advantages have had an adverse effect on nature. 
Industries that produce fertilizer, pesticides, chemicals, construction, petroleum and metallurgical 
products are responsible for the contamination of the surrounding environment. The construction 
sector contributes 23% of air pollution, 50% of climatic change, 40% of drinking water pollution 
and 50% of landfill waste [2,3]. In this regard, cement is the binding material used in 
construction practices as it sets, hardens and adheres to other materials and binds them together 
firmly. The cement produced in the construction sector is responsible for 5—8% of global CO, 
emissions [4,5]. The cement manufacturing process causes environmental impacts at all stages 
[5,6]. Annually, 4 billion tons of Portland cement (PC) are produced, and approximately one ton 
of cement generates 0.8 tons of CO2 gas [7-9]. This massive amount of carbon dioxide is a 
severe threat to the environment. In order to overcome this problem, some amount of cement is 
replaced with alternative pozzolanic materials having similar properties to reduce the hazards 
problem caused due to cement production. These alternative materials used in the concrete 
mixture can be sourced from industrial or agricultural sectors [10-13]. Concrete is one of the 
most used construction materials all over the world as it is known for its high compressive 
strength, durability, fire resistance, versatility and abrasion resistance. The main objective of 
designing a concrete mix is determining the amounts of concrete constituents required to form 
the best mix [14,15]. However, because of miscalculations of mix design, the manufactured 
concrete can produce low strength. Also, to achieve proper compressive strength, various tests 
are required to be performed on cubes and cylinders with different mixed design ratios in the 
laboratory [16,17]. 


In the last few years, many mineral admixtures such as rice husk ash [18,19], sugarcane bagasse 
ash [20,21], corn cob ash [22,23], electric arc furnace dust [24,25], rice straw ash [26,27], coal 
bottom ash [28,29], waste paper sludge [30,31] and metakaolin [18,32] have been utilized as a 
partial replacement of cement to enhance the performance of manufactured concrete in 
comparison to the conventional concrete. Further, this method is prone to human error, and one 
small error can cause a lot of time wastage. To overcome this issue, Machine Learning (ML) 
models of Artificial Intelligence (AI) shall be considered the best option. In fact, ML has been 
widely used in several civil engineering applications [33-35]. In recent times, ML has emerged 
as a powerful tool to predict the output parameter, i.e., compressive strength, of different types of 
concrete using various algorithms [36-39]. Yaseen et al. [40], conducted a study using an 
advanced ML model, namely an extreme learning machine (ELM), to forecast the compressive 
strength of foamed concrete with cement content, foam volume, density and water-to-binder ratio 
as input parameters. The performance of ELM model was compared with the other algorithms, 
such as multivariate adaptive regression spline (MARS), M5 tree model, and SVM. The output 
of the study indicated that ELM exhibited the most precise prediction with the least errors. 
Ashrafian et al. [41] utilized MARS, along with the water cycle model, to predict the 
compressive strength of lightweight concrete, and it was observed that the hybrid AI algorithm 
provides improved prediction. Young et al. [42] carried out a study that involved the application 
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of ANN, DT and SVM with a significantly large dataset (>10000) obtained from laboratory and 
industry scale-based concrete mixtures to predict the compressive strength. The study showed 
models have accurately predicted the compressive strength of laboratory-manufactured concrete 
than to industry based-concrete mixtures. Apart from compressive strength, studies on the 
predictions of shear strength of beams and bar length have also been carried out to assist/prior to 
construction activities [43,44]. Besides these models, a few studies have also used RF [16], 
Hydrostatic-Seasonal-Time (HST) model [45], Multilayer Perceptron (MLP) [46], Convolutional 
neural networks (CNN) model [47,48], Gaussian Processes (GP) [49], MSP [50], long short-term 
memory networks (LSTM) model [51], multiple linear regression (MLR) [52], gene expression 
programming (GEP) [53] and linear regression [54] to predict compressive strength and other 
parameters of waste-based concrete along with different input parameters and obtained the 
adequate outputs [55—57]. 


1.1. Research significance 


Besides the employment of ML models, numerous experimental studies have been conducted by 
several researchers on the effect of the addition of fly ash on the compressive strength of 
concrete [58-61]. Only a chunk of studies has been carried out on the prediction of compressive 
strength of fly-ash-based concrete using the ML models. Researchers have adopted gene 
expression programming GEP, SVM, ANN, MLR and some other models to forecast the 
compressive strength of fly-ash concrete and obtained good accuracy with low errors [16,39,62]. 
However, most of the studies have used very few models using a smaller number of input 
parameters. Also, the performance of the models had not been checked adequately as the 
execution of a few assessments had been reported on the prediction of strength parameters for 
fly-ash-based concrete. In addition, the use of silica content, lime content, iron oxide content and 
aluminum oxide as input parameters hasn’t been reported for predicting the strength of concrete. 
Considering these shortcomings, the current study aims to predict the compressive strength of fly 
ash-based concrete through nine different ML models such as Linear Regression (LR), Gradient 
Boost (XGboost or GB), Random Forest (RF), Decision Tree (DT), Support Vector Machines 
(SVM) regression, MSP, Gaussian Processes (GP), Multilayer Perceptron (MLP) and Artificial 
Neural Network (ANN). Twelve input parameters, 1.e., replacement percentage, water-cement 
ratio, cement content, fine aggregate content, coarse aggregate content, water content, silica 
content, lime content, iron oxide content, aluminium oxide content, the specific gravity of fly ash 
and the number of curing days, have been taken into investigations. The comparison of the 
aforementioned models has been carried out on the basis of descriptive statistics, least errors, 
coefficient of correlation (R’), Taylor’s diagram, feature importance and parametric analysis. 
Through the employment of the approach considered in the current study, suitable insights 
regarding the usage of more sophisticated ML models as well as significant research gaps, have 
been enlisted in the article. 


2. Machine learning models implied in the present study 


2.1. Linear regression (LR) 


LR is the most common predictive model of supervised learning. It is used to identify the 
relationship among the variables [63,64]. It sets a linear relationship between the input (x-axis) 
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and output (y-axis). It distinguishes the influence of the independent input variables from the 
dependent variables [65]. This ML algorithm fits a straight line around the mapped numeric 
inputs and outputs. The expression for LR is as follows: 


9 = fp Bi) +e (1) 
Where, ¥= dependent variable, x; = independent variable, 6; = coefficients, e= errors in 
regression. 


2.2. Decision tree (DT) 


DT model is the most popular and easy-to-read supervised ML model. Its path always begins 
from the root node [39,66]. DT has two types of nodes: the branch node represents the decision, 
and the leaf node shows the outcome [67]. Any Boolean function can be represented on discrete 
attributes. It uses multiple algorithms that split one node into two to more sub-nodes. In DTs, for 
the prediction of outcome, the analysis starts from the root node of the tree. This process 
continues and carries on comparing the internal nodes until the leaf node reached to the predicted 
outcome [68]. The expression for DT is given below: 


Gain(S, A) = E(S) Dye ES (2) 


Where, Gain(S,A) = entropy gain of samples ‘S’ on attribute A, E(S) = entropy of the entire 
sample ‘S, S, = sample belonging to subset ‘v’, E|S,| = entropy of sample belonging to subset 


e242 


Vv. 
2.3. Support vector machine (SVM) 


An SVM is a supervised learning model that is mainly used to solve classification problems in 
ML. The algorithm takes the data, sorts it into one or more groups depending upon the input, and 
represents it in different classes in the hyperplane of multidimensional space. This hyperplane 
boundary segregates n-dimensional space into subclasses so that it can easily put the new data 
point in their category in the future. The main aim of the hyperplane is to “maximizes the 
margin” between classes. An SVM can be linear or nonlinear [69,70]. The SVM algorithm has a 
technique which is called the “kernel trick”. This kernel function converts non-separable 
problems to separable problems. It simply does some extremely complex data transformations 
and then finds out the process to separate the data based on the labels or outputs defined by the 
user [71]. 


The expression for SVM is given below: 
y=f(xs)=w.x+b=0 (3) 
Where, w = a vector normal to hyperplane, b = an offset. 


2.4. Gradient boost (GB) 


GB is an effective boosting algorithm used in many applications [16,72,73]. In the prediction 
models, each prediction corrects its predecessor’s error. It works on the principle that many weak 
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learners, such as a decision or shallow trees, can work together to form a precise and accurate 
predictor. A weak learner model is a model that does slightly better than random predictions. 
DTs are used as the weak learner in GB. It provides a prediction model in the form of an 
ensemble of weak DT prediction models. The expression for GB is given below: 


Gy (x) = Gn — 1(x) + hy (x) (4) 


Where, G;(x) is the Gradient boost regression model, /,,(x) is the weak learner. 
2.5. Random forest (RF) 


RF is a supervised model that can be used for both regression and classification problems. It is a 
learning method that consists of many DTs. In classification problems, the prediction with the 
most votes is considered the outcome. Moreover, in regression problems, the outcome is taken as 
the average of all the predictions [38,74—76]. It is versatile to be applied to large-scale problems. 
The expression for regression problems is as follows: 


MSE = St-s(fi — Pi)” (5) 


Where, MSE is the mean squared error, V = number of data points, f; = value returned by the 
model, p;= actual value for data point 7. 


2.6. Artificial neural network (ANN) 


Artificial neural networks, also known as neural networks, are made up of artificial neurons that 
are designed in a way to work as a human brain. It is an information-processing paradigm that is 
inspired by the human brain. There are three layers: the input layer, the hidden layer (one or 
more) and the output layer [77-79]. Every neuron is connected to another neuron and transfers 
the data from one layer to another neuron of the next layers. In this way, the data reaches the last 
layer that is called the output layer of the neural network and generates the output. The 
expression for this model is: 


* a(error) 
: ; ; ; o(error) ; F 
Where, w, = new weight, w, = old weight, a = learning rate, = Trae aa derivative of the error 
x 


with respect to weight. 


In addition, Multilayer Perceptron (MLP) has also been used in the current study to predict the 
compressive strength of fly-ash-based concrete. It is a type of artificial neural network that 
consists of multiple layers of interconnected nodes and is widely used for applications including 
pattern recognition, classification, and regression [80,81]. The weights and biases in an MLP can 
be learned through training, where the network is presented with input-output pairs, and the 
parameters are updated to minimize the error between the actual and predicted outputs. This 
process is typically done using optimization algorithms such as gradient descent or back 
propagation. The expression of a single artificial neuron in an MLP can be represented as: 
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vy = H%b+ 2(w,x,)) (7) 


Where, 7 is the output of the neuron, Y is the non-linear activation function, b is the bias 


involved, W; indicates the vector of the weights and ~; is the input of the vectors. 


2.7. MSP 


The M5P model, also known as the M5 Model Tree, is a decision tree-based model that uses 
linear regression at the leaves. The model tree consists of a series of decision nodes and linear 
regression models at the leaves, where each decision node splits the data based on a test 
condition, and the linear regression models at the leaves are used to make predictions for the 
observations that fall into that leaf [50,82]. The expression of an MSP model can be represented 
as follows: 


A; 
A 


SDR = sd(H)- >| x sd(H,), 


(8) 


sd(H) = ,/J.” ae (9) 


Fie ye 


N (10) 


Whereas SDR is the standard deviation reduction factor, Sd(H) is the standard deviation of H , 


H is the dataset that stretches the node, /; is the set that established from a divided node. 


2.8. Gaussian processes (GP) 


Gaussian Processes (GP) are a type of probabilistic model used for regression and classification 
tasks in ML [49,50,83] and provide a flexible and non-parametric approach to complex 
modelling relationships between inputs and outputs. GP defines a distribution over functions, 
where each function is considered a random variable. The covariance function can be chosen to 
reflect prior knowledge about the behaviour of the underlying function, such as smoothness or 
periodicity. The expression can be defined as: 


h(x) ~ GP(m(.), k¢.,.)) (11) 


Whereas /1(X) is the random variable representing the function value at the input XY, M(.) is the 
mean function, providing the expected value of the function for a given input X, k(.,.) is the 
covariance function, describing the relationships between the function values for different inputs 
(.,.), and GP is the GP distribution over functions. 
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3. Methodology 


The methodology considered during the execution of the current work has been presented in this 
section. Fig. | illustrates the general processes involved during the development of the ML 
models. 


Extraction of data 
considering the input 
parameters 


Gathering relevant 
literature 


Initialization of 
appropriate model 


Training and testing of models 
based on collected data 


ae 


Fig. 1. Approach adopted in the existing study while developing the ML models. 


3.1. Data collection 


A total of 455 data points have been collected in terms of replacement percentage, water-cement 
ratio, cement content, fine aggregate content, coarse aggregate content, water content, silica 
content, lime content, iron oxide, aluminium oxide, the specific gravity of fly ash and number of 
curing days from the relevant literature on the use of fly ash in concrete [58,84—109]. Out of 455 
data points, 364 (80%) and 91 (20%) data points were used for the training and testing of the ML 
models, respectively. During the data collection process, a criterion was defined where studies 
with most input parameters were considered for analysis purposes. For example, the articles 
where the information regarding the input parameters, such as water-cement ratio, the content of 
cement, coarse aggregate or fine aggregate, was missing were exempted from the dataset. While 
extracting the data, the previous studies involving the replacement of cement with fly ash to 
manufacture concrete were carefully examined and considered. 


3.2. Data pre-processing 


The pre-processing of the collected data has been performed using imputation. Additionally, the 
scaling of the data set in terms of 0 and 1 for mean and standard deviation has been assigned, 
respectively. 
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3.3. Initializing, training and testing and running the models 


During the initialization of the models, default parameters were assigned to the LR, DT, M5P , 
RF and SVM models, whereas, in the case of XGBoost , "reg:squared error." is assigned as the 
objective. Multistart optimization strategy is used to estimate the model parameters to train GP. 
In the case of the ANN and MLP model, each layer has been defined differently. One input, one 
hidden and one output layer were assigned to six, three and one unit. Each model has been 
trained on the processing and respective data of compressive strength. Followed by the testing, 
the models were tested for errors, co-relationship between the data set, Taylor’s diagram and 
feature importance analysis. After the testing and training, the whole data set was used to predict 
the output. 


3.4. Tools utilized 


In the current study, the tools such as Jupyter notebook (version 5.0.0), Pyscripter (version 2.0), 
Origin Lab (versions 9 and 12) and Microsoft Excel (version 2016) have been used for writing 
the codes, analysis and plotting the graphs. 


4. Result and discussion 


4.1. Scatter plots 


Scatter plots are used to show the values for two different numeric variables using dots. These 
plots are used to analyze the relationship between the different variable inputs and make use of 
Cartesian coordinates to represent the values of the variables in a data set [110,111]. The scatter 
plots of the current study are shown in Fig. 2. 


» s " 2 22 26 
A203 Specific qrawity of Flyast 


Fig. 2. Scatter plots of Input parameters vs Compressive strength. 
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Based on Fig. 2, it can be inferred that the input parameters are directly associated with the 
compressive strength. Each model works in different ways, causing a difference in the output. 
The linear fit line of data points shows the strong relationship between one input parameter 
corresponding to the compressive strength. Whereas in some of the plots, a moderate linear 
relationship has been observed. The involvement of a new variable significantly correlated with a 
variable in the prior step equation will not produce a better prediction equation because the new 
attribute is coded data of a parameter already in the analysis. The results of the current study are 
in line with the trend noticed in the previous studies [112—114]. 


4.2. Descriptive statistic 


Descriptive statistics are a set of tools used to summarize and describe the characteristics of a 
dataset as it provides a way to organize and present data in an informative way [115,116]. It 
summarizes large and complex datasets by reducing them to a few key numbers or measures. 
Descriptive statistics enables the identification of patterns and trends in data, such as the mean, 
median, and mode, that can indicate underlying issues or opportunities. It also aids in detecting 
outliers, i.e., values that fall outside the range of the typical data. The descriptive statistics of the 
data used to forecast CS is presented in Table 1. 


Table 1 
Descriptive statistics of the input and output parameters [58,84-109] 
eR Statistics 
Min Max Avg StDev Sk Kt 
Water-cement ratio 0.24 0.88 0.39 0.11 2.02 4.91 
Cement content 93 510 236.20 92.01 0.74 -0.39 
Fine aggregate 0 1970 791.67 295.43 2.01 4.68 
Coarse aggregate 0 1990 1053.12 | 303.63 -0.90 221 
Water content 22.7 270 154.05 40.39 0.48 0.73 
SiO, 30.9 68.4 23.59 8.92 -1.08 0.57 
CaO 1.21 31.9 703 8.60 1.91 250 
Fe,03 3.48 24.83 6.85 3.36 2.28 7.24 
Al,O3 11.6 30.7 24.86 3.81 -0.70 0.39 
Specific gravity 2 2.68 235 0.18 -0.49 -0.25 
Curing days 1 365 72.86 105.24 1.84 2.28 
Replacement Percentage 0 95 47.69 17.50 -0.23 -0.32 
Compressive strength 0 167.75 31.67 23.06 1.38 4.13 
Note: Min-Minimum; Max-Maximum; Avg- Average; StDev-Standard Deviation; Sk-Skewness; Kt- 


Kurtosis 
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4.3. Correlation matrix 


A correlation matrix is a table showing the correlation coefficients between multiple variables. It 
is a useful tool for understanding the relationships between different variables in a dataset, 
identifying multi-linearity and outliers, and can aid in identifying dependent and independent 
variables that can support further analysis and modelling. A correlation coefficient of 1 indicates 
a perfect positive correlation, a coefficient of -1 indicates a perfect negative correlation, and a 
coefficient of 0 indicates no correlation [115,117,118]. In the context of the current study, the 
concrete variables are dependent on each other. Therefore, the coefficient of correlation of all 
variables has been extracted and shown in Table 2 and Fig. 3. 


Replacement Percentage 


Water Cement Ratio 


Cement Content 


Fine Aggregate 


Coarse Aggregate 
Water Content 


Silica Content 
Lime Content 


Iron Oxide Content 
Alumina Content 
Specific Gravity 
Days of Curing 


Compressive Strength 


Compressive Strength 
Days of Curing 
Specific Gravity 
Alumina Content 
Iron Oxide Content 
Lime Content 

Silica Content 

Water Content 
Coarse Aggregate 
Fine Aggregate 
Water Cement Ratio 
Cement Content 


Replacement Percentage 


Fig. 3. Correlation matrix in the form of Heat map for the variables considered in the current study 


Fig. 3. shows the correlation matrix of the parameters undertaken in the study. The greater 
difference in the positive and negative values of the correlation coefficient between the input 
parameters could be responsible for the poor efficiency and complexity in evaluating the effect 
of these parameters on the response [119]. 
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Table 2 
Correlation Matrix of input and output parameters. 
Input Parameter Sutnat 
: Parameter 
Variables W.-C Fi) Co. | W-C 
RP . CC A SiO, CaO Fe,0; AL,O3 SG DOC CS 
ratio ag ag_ | ratio 

RP 1.00 - - - - - - - - - - - - 
We ll 0:99 1200 || | : : é : : 5 # 5 2 2 

ratio 
CC -0.84 0.01 | 1.00 - - - - - - - - - - 
Fi-ag -0.25 0.38 | 0.15 | 1.00 - - - - - - - - - 
Co-ag 0.09 0.16 | -0.18 | -0.23 | 1.00 - - - 
Input Mee -0.10 0.55 | 0.16 | 0.43 | -0.32 | 1.00 - - - - - - - 

ratio 

Parameter 
SiO, -0.14 0.01 | 0.23 | -0.22 | 0.06 | 0.24 | 1.00 - - - - - - 
CaO 0.24 0.00 | -0.28 | 0.11 | 0.05 | -0.23 | -0.83 | 1.00 - - - - - 
Fe,03 0.03 -0.13 | -0.10 | -0.29 | -0.10 | -0.23 | -0.22 | -0.17 1.00 - - - - 
AL,O;} -0.31 | -0.01 | 0.21 | 0.17 | 0.19 | 0.02 | 0.45 | -0.70 0.03 1.00 - - - 
SG 0.02 -0.21 | -0.25 | 0.04 | 0.24 | -0.20 | -0.54 | 0.40 0.17 -0.02 1.00 - - 
DOC 0.01 -0.12 | -0.03 | -0.16 | 0.15 | -0.06 | 0.16 | -0.10 -0.06 0.14 0.23 | 1.00 - 
Output CS -0.22 | -0.11 | 0.23 | 0.09 | -0.14 | -0.06 | -0.28 | 0.08 0.39 -0.11 | -0.01 | 0.15 | 1.00 
Parameter 


Note: RP- Replacement Percentage; W-C ratio- Water Cement Ratio; CC- Cement Content; Fi-ag- Fine Aggregate; Co-ag- Coarse Aggregate; 
SG- Specific Gravity; DOC- Day of curing 
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4.4. Histogram 


A histogram is a graphical representation of data that shows the frequency distribution of a set of 
continuous or discrete data [48,117,120]. It is a powerful tool for understanding the distribution 
of data and identifying patterns and trends while identifying outliers which can indicate 


underlying issues or opportunities. Fig 4, Fig. 6 and Fig. 6 shows the normalized values of input 
and output parameters in the form of histograms. These graphs are significantly important as 


they can aid in indicating the range of the values for a particular parameter that is required or 


insufficient. 
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BRB Compressive Strength 


Fe,O, 
Fig. 4. Combined histogram of input and output variables (i) CaO and CS; (ii) Replacement % and CS; 
(iii) FeyO3 and CS; and (iv) Al,O;3 and CS. 
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Fig. 5. Combined histogram of input and output variables (i) Water-cement ratio and CS; (11) Specific 
gravity and CS; (iii) Days of curing and CS; and (iv) Cement content and CS. 
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Fig. 6. Combined histogram of input and output variables (i) Water content and CS; (ii) Coarse aggregate 
and CS; (iii) SiO. and CS; and (iv) Fine aggregate and CS. 
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4.5. Assessment of errors 


4.5.1. Mean absolute error 


The mean absolute error (MAE) is used for model evaluations. MAE gives the average of the 
absolute difference between the actual and predicted values in the dataset. It is used to predict the 
accuracy of the ML model [114,121]. It may not adequately reflect the performance when 
dealing with large error values. MAE [122] can be calculated as: 


1 Ps 
MAE = ~ Yin |xi — Xi (12) 
Where x, = predicted value, x, = true value and n = total number of data points 


4.5.2. Mean squared error 


Mean Squared Error is highly biased for higher values. The MSE defines the closeness of a 
regression line to a set of points. The lower the value, the better the model. If the value is 0, that 
means the model is perfect. To calculate MSE [114,122], the following is the formula: 


t me 
MSE = - Yai - £0? (13) 


Where, t = the number of samples, x, = observed value, x, = predicted value. 


4.5.3. Root mean squared error 


RMSE is better in terms of reflecting performance when dealing with large error values. It is the 
standard deviation of the errors that occurs when the prediction is made on the given dataset. It is 
similar to the mean squared error (MSE), Although the root of its value is considered during 
determining the model’s accuracy [57,123]. It can be calculated as 


RMSE = Fae? — &))? (14) 


Fig. 7 shows the values of MAE, MSE, and RMSE found during the analysis. 


Fig. 7. indicated that models such as DT, RF XGboost and MS5P performed much better than LR, 
SVM, ANN, MLP and GP in terms of the occurrence of errors. The output of the current study 
has been found to be comparable to the ones available in the literature [114,123,124]. 


4.6. Coefficient of correlation (R’) 


The coefficient of correlation is a statistical measure of how close the data are to the fitted 
regression line. It represents the variation in the dependent variable which is predicted from the 
independent variable(s) in a regression model. The higher R? value illustrates the fitness of the 
model according to the reference data [123,125]. The relationship between the experimental and 
predicted compressive strength by each of the ML models considered in the current study is 
presented in Fig. 8, Fig. 9, Fig. 10, Fig. 11, Fig. 12, Fig. 13, Fig. 14, Fig. 15 and Fig. 16. 
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Fig. 8. Correlation ship between the Predicted value of LR vs experimental data. 
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Fig. 10. Correlation-ship between the Predicted values of DT vs experimental data. 
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Fig. 11. Correlation ship between the Predicted values of RF vs experimental data. 
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Fig. 12. Correlation ship between the Predicted values of SVM vs experimental data. 
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Fig. 13. Correlation ship between the Predicted values of XGboost vs experimental data. 
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Fig. 14. Correlation ship between the Predicted values of M5P vs experimental data. 
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Fig. 16. Correlation ship between the Predicted values of GP vs experimental data. 


Based on Fig. 10, Fig. 11, Fig. 13, Fig. 14 and Fig. 15, a strong relationship between the trend 
line of the experimental and predicted data had been observed. The higher R’ values of these 
models confirm their best fitness according to the obtained data. Whereas, in the case of Fig. 8, 
Fig. 9, Fig. 12 and Fig. 16, the poor relationship between the experimental and forecasted 
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compressive strength has been noticed. DT, XGboost, RF, MLP, and M5P models showed that 
the relationship between the test and forecasted values of compressive strength is very close to 
the linear function, i.e., Y=X[114]. Whereas, in the case of LR, SVM, ANN and GP, the 
diagonal and test data points are more dispersed, indicating that the models do not fit well. Poor 
performance has been observed by SVM with the least R? value as it has a large dispersity of the 
scatter points and a more significant deviation in coincidence. In the previous studies, the lesser 
number of input parameters corresponding data set has led to the poor performance of the 
models. However, when a large number of datasets have been used, models have illustrated a 
better prediction accuracy [54,79]. In context to the present work, ML models such as DT, 
XGboost, RF, MLP, and MS5P have produced excellent results in predicting the compressive 
strength of fly ash-based concrete. The results of the current study have been found to be 
identical to the studies reported in the literature [113,114,123]. Table 3 presents the correlation 
coefficient of ML models. 


Table 3 

R-Square value of all models. 

Models LR DT RF SVM XG ANN | M5P | MLP | GP 
pas 0.4052 | 0.9996 | 0.96786 | 0.27127 | 0.99934 | 0.56269 | 0.9401 | 0.9113 | 0.7489 


4.7. Feature importance (FI) or sensitivity analysis (SA) 


Feature importance (FI) or sensitivity analysis (SA) depicts the process of the uncertainty in the 
output of a mathematical model or numerical system that can be allocated to different sources of 
uncertainty in its inputs [114,126]. The FI analysis of various ML models of the current study is 
presented in Fig. 17. 
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Fig. 17. Feature Importance analysis of ML models. 
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Based on Fig. 17, it has been noticed that most of the models have considered the specific 
gravity of fly ash and water-cement ratio as the two most important parameters in determining 
the compressive strength of fly ash-based concrete. As found in the analysis, input parameters 
such as replacement percentage, number of curing days, alumina oxide, iron oxide, silica content, 
water content, coarse aggregate, fine aggregate and cement content have a lesser effect on the 
compressive strength of fly-ash based concrete. In general, the selection of the most effective 
input parameter that is directly linked to the output attribute is carried out by the model. In most 
of the previous studies, input parameters such as water-cement ratio, cement content, 
replacement levels, and the number of curing days have been selected as the most important 
parameters which directly affect the compressive strength of the concrete [115,117,127]. In the 
same line of the previous studies, in the current study, most of the models have preferred the 
water-cement ratio and specific gravity of fly-ash over other parameters [75,76, 114,123]. 


4.8. Taylor’s diagram 


Taylor diagram is a visual representation of the degree to which an observed pattern (or 
combination of observed patterns) matches the reference data. The degree to which two patterns 
are similar can be measured by comparing their correlation, the centred RMSE difference, and 
the amplitude of the changes in each pattern (highlighted by their standard deviations) [128]. 
These diagrams are especially helpful for examining several features of complex models or 
gauging the relative skill of many distinct models. In the current context, the standard deviation 
of the experimental data is 26.64 MPa. Fig. 18 represents Taylor’s diagram of all the models 
considered in the current study. 
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Fig. 18. Taylor’s diagram illustrating the performance of the ML models to predict CS. 
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As observed from Fig. 18, DT and GB models have performed very well and are closer to the 
reference data as compared to the other models (LR, ANN, SVM and RF). The more excellent 
correlation value and least RMSE are the two important keys for any model to get a better 
representation in Taylor’s diagram. The output of ML models shown in Fig. 18 is similar to the 
previous studies [129-131]. 


5. Conclusions 


The current study proposed to predict the compressive strength of fly-ash-based concrete through 
the utilization of nine different ML algorithms (LR, GB, RF, DT, SVM, M5P, GP, MLP, ANN). 
In which 12 input parameters (replacement percentage, water-cement ratio, cement content, fine 
aggregate content, coarse aggregate content, water content, silica content, lime content, iron 
oxide, aluminium oxide, specific gravity of fly ash and the number of curing days) and | output 
parameter (compressive strength), making an assembly of overall 455 data points, were 
considered throughout the execution of the study. 


It has been observed that the DT and GB models have achieved minor errors and have shown the 
accuracy of the regressors as compared to other ML models. However, RF and MSP followed the 
DT and GB models in terms of minor errors and prediction accuracy. The comparison of the 
output based on the co-relationship between the forecasted and reference data represented that 
DT and GB have a higher R’ value (0.99) than the remaining models, such as RF (0.96), M5P 
(0.94), MLP (0.91), GP (0.74), ANN (0.56), LR (0.40) and SVM (0.27). The representation of 
the statistical relationship between the experimental and observed data in Taylor’s diagram also 
highlights the optimized performance of DT and GB. The scatter plots illustrated that the input 
and output parameters defined in the current study have a strong relationship. In addition, FI 
analysis depicted the parameters that should be considered carefully during the designing and 
prediction process. It showed that mainly two crucial factors, 1.e., the specific gravity of fly ash 
and water-cement ratio within the mix, have significantly influenced the prediction of 
compressive strength. However, other input attributes parameters were observed to cause a lesser 
impact on the compressive strength of the fly ash-based concrete. 


The current study provides a better understanding to the researchers and engineers during the 
decision-making process to choose input parameters and ML models in order to forecast the 
output parameter, such as compressive strength, with the least errors. The algorithms proposed 
can be employed on-site for practical application by only providing the values of the quantities 
of components to be used. However, it should also be taken care that the feed value should be in 
the same format used in the dataset so that it may compute and estimate the to-be-achieved 
strength. Further studies can be focused on evaluating any other output parameters out of 
mechanical and durability attributes of concrete having distinct types of mineral admixtures, for 
example, sugarcane bagasse ash and metakaolin, along with hybrid and advanced ML models. 
Apart from comparing the performance of two or more models, a study can also be executed on 
rectifying/improving the working operation of a poor model to attain optimal results. Although 
this study accomplishes a positive/negative influence of input parameters of the model on the 
concrete compressive strength based on the feature importance analysis, future research is still 
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required to develop a simplified, intelligent analytical model based on more extensive parametric 
studies. 
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Annexure | 
Wie Cement Fine Coarse Water . Specific | Curin Replacement | Compressive 
ratio Content | Aggregate | Aggregate | content 310 m0 FeO AlOs Caniey Daa feneat Get 
0.32 168 701 1052 120 62.6 5.8 4.5 20.9 2.01 1 50 7.7 
0.4 385 729 1094 154 62.6 5.8 4.5 20.9 2.01 1 0 21.4 
0.42 389 729 1093 164 62.6 5.8 4.5 20.9 2.01 1 0 30.5 
0.32 168 701 1052 120 62.6 5.8 4.5 20.9 2.01 7 50 15.9 
0.32 170 710 1066 122 62.6 5.8 4.5 20.9 2.01 7 50 20.9 
0.32 391 740 1111 125 62.6 5.8 4.5 20.9 2.01 7 - 30.5 
0.4 385 729 1094 154 62.6 5.8 4.5 20.9 2.01 7 0 32.5 
0.42 389 729 1093 164 62.6 5.8 4.5 20.9 2.01 7 0 39.1 
0.32 168 701 1052 120 62.6 5.8 4.5 20.9 2.01 14 50 19.6 
0.32 170 710 1066 122 62.6 5.8 4.5 20.9 2.01 14 50 27.1 
0.32 391 740 1111 125 62.6 5.8 4.5 20.9 2.01 14 - 37.5 
0.4 385 729 1094 154 62.6 5.8 4.5 20.9 2.01 14 0 34.4 
0.42 389 729 1093 164 62.6 5.8 4.5 20.9 2.01 14 0 41 
0.32 168 701 1052 120 62.6 5.8 4.5 20.9 2.01 28 50 24 
0.32 170 710 1066 122 62.6 5.8 4.5 20.9 2.01 28 50 30.5 
0.32 391 740 1111 125 62.6 5.8 4.5 20.9 2.01 28 - 43.8 
0.32 391 740 1111 125 62.6 5.8 4.5 20.9 2.01 28 - 43.3 
0.4 385 729 1094 154 62.6 5.8 4.5 20.9 2.01 28 0 38.6 
0.4 385 729 1094 154 62.6 5.8 4.5 20.9 2.01 28 0 38.8 
0.42 389 729 1093 164 62.6 5.8 4.5 20.9 2.01 28 0 46.3 
0.42 384 720 1081 162 62.6 5.8 4.5 20.9 2.01 28 0 42.1 
0.32 168 701 1052 120 62.6 5.8 4.5 20.9 2.01 91 50 32.7 
0.32 170 710 1066 122 62.6 5.8 4.5 20.9 2.01 91 50 41.6 
0.32 391 740 1111 125 62.6 5.8 4.5 20.9 2.01 91 - 53.7 
0.4 385 729 1094 154 62.6 5.8 4.5 20.9 2.01 91 - 43.4 
0.42 389 729 1093 164 62.6 5.8 4.5 20.9 2.01 91 0 50.4 
0.32 168 701 1052 120 62.6 5.8 4.5 20.9 2.01 365 50 40.3 
0.32 170 710 1066 122 62.6 5.8 4.5 20.9 2.01 365 50 61.9 
0.5 336 739 1105 167 52.4 13.4 4.7 23.4 2.08 1 0 16.7 
0.45 247 845 846 186 52.4 13.4 4.7 23.4 2.08 1 40 8.7 
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0.4 238 844 844 189 52.4 13.4 4.7 23.4 2.08 1 40 10.7 
0.35 232 846 847 136 52.4 13.4 4.7 23.4 2.08 1 40 16.6 
0.45 207 845 843 188 52.4 13.4 4.7 23.4 2.08 1 50 6.1 

0.4 200 842 843 161 52.4 13.4 4.7 23.4 2.08 1 50 7 
0.35 197 856 856 138 52.4 13.4 4.7 23.4 2.08 1 50 7.8 
0.45 169 833 853 190 52.4 13.4 4.7 23.4 2.08 1 60 5.2 

0.4 163 851 851 164 52.4 13.4 4.7 23.4 2.08 1 60 4.9 
0.35 161 866 864 141 52.4 13.4 4.7 23.4 2.08 1 60 7.3 

0.5 336 739 1105 167 52.4 13.4 4.7 23.4 2.08 7 0 27.3 
0.45 247 845 846 186 52.4 13.4 4.7 23.4 2.08 7 40 21.2 

0.4 238 844 844 189 52.4 13.4 4.7 23.4 2.08 7 40 25.8 
0.35 232 846 847 136 52.4 13.4 4.7 23.4 2.08 7 40 31.3 
0.45 207 845 843 188 52.4 13.4 4.7 23.4 2.08 7 50 17.4 

0.4 200 842 843 161 52.4 13.4 4.7 23.4 2.08 7 50 19.3 
0.35 197 856 856 138 52.4 13.4 4.7 23.4 2.08 7 50 22.9 
0.45 169 833 853 190 52.4 13.4 4.7 23.4 2.08 7 60 15.6 

0.4 163 851 851 164 52.4 13.4 4.7 23.4 2.08 7 60 14.7 
0.35 161 866 864 141 52.4 13.4 4.7 23.4 2.08 7 60 20.6 

0.5 336 739 1105 167 52.4 13.4 4.7 23.4 2.08 28 0 34.6 
0.45 247 845 846 186 52.4 13.4 4.7 23.4 2.08 28 40 34.6 

0.4 238 844 844 189 52.4 13.4 4.7 23.4 2.08 28 40 37.8 
0.35 232 846 847 136 52.4 13.4 4.7 23.4 2.08 28 40 48.3 
0.45 207 845 843 188 52.4 13.4 4.7 23.4 2.08 28 50 33.2 

0.4 200 842 843 161 52.4 13.4 4.7 23.4 2.08 28 50 34.9 
0.35 197 856 856 138 52.4 13.4 4.7 23.4 2.08 28 50 28.9 
0.45 169 833 853 190 52.4 13.4 4.7 23.4 2.08 28 60 30.2 

0.4 163 851 851 164 52.4 13.4 4.7 23.4 2.08 28 60 26.2 
0.35 161 866 864 141 52.4 13.4 4.7 23.4 2.08 28 60 35.8 
0.64 300 0 0 193 58.2 1.6 4 28.5 2.28 7 0 38.8 
0.64 300 0 0 193 58.2 1.6 4 28.5 2.28 28 0 62.9 
0.31 231 852 1047 119 32.2 31.9 5.6 18.1 2.58 1 40 17 

0.3 195 854 1041 120 34.9 27.6 6.2 19.6 2.62 1 50 7 

0.3 156 834 1026 121 30.9 31.4 5.2 18.3 2.68 1 60 0.8 

0.3 229 827 1040 115 32.2 31.9 5.6 18.1 2.58 1 40 9.7 
0.29 193 836 1032 114 34.9 27.6 6.2 19.6 2.62 1 50 4.8 

0.3 155 842 1016 116 30.9 31.4 5:2 18.3 2.68 1 60 2.3 
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0.3 229 844 1032 113 32:2 31.9 5.6 18.1 2.58 1 40 16.4 
0.3 193 850 1126 116 34.9 27.6 6.2 19.6 2.62 1 50 13.1 
0.3 154 818 1016 117 30.9 31.4 5.2 18.3 2.68 1 60 6.9 
0.31 368 886 1085 115 - - - - - 7 0 40.3 
0.31 231 852 1047 119 32.2 31.9 5.6 18.1 2.58 7 40 42.8 
0.3 195 854 1041 120 34.9 27.6 6.2 19.6 2.62 7 50 34.3 
0.3 156 834 1026 121 30.9 31.4 O2 18.3 2.68 7 60 26.9 
0.3 229 827 1040 115 32.2 31.9 5.6 18.1 2.58 7 40 32.6 
0.29 193 836 1032 114 34.9 27.6 6.2 19.6 2.62 7 50 23.4 
0.3 155 842 1016 116 30.9 31.4 5.2 18.3 2.68 7 60 22.1 
0.3 229 844 1032 113 32:2 31.9 5.6 18.1 2.58 7 40 37.7 
0.3 193 850 1126 116 34.9 27.6 6.2 19.6 2.62 7 50 33.9 
0.3 154 818 1016 117 30.9 31.4 2 18.3 2.68 7 60 25.8 
0.31 368 886 1085 115 - - - - - 28 0 48.6 
0.31 231 852 1047 119 32.2 31.9 5.6 18.1 2.58 28 40 55.3 
0.3 195 854 1041 120 34.9 27.6 6.2 19.6 2.62 28 50 44 

0.3 156 834 1026 121 30.9 31.4 5.2 18.3 2.68 28 60 43.7 
0.3 229 827 1040 115 32.2 31.9 5.6 18.1 2.58 28 40 44.6 
0.29 193 836 1032 114 34.9 27.6 6.2 19.6 2.62 28 50 36.8 
0.3 155 842 1016 116 30.9 31.4 2 18.3 2.68 28 60 28.6 
0.3 229 844 1032 113 32.2 31.9 5.6 18.1 2.58 28 40 46.3 
0.3 193 850 1126 116 34.9 27.6 6.2 19.6 2.62 28 50 42.2 
0.3 154 818 1016 117 30.9 31.4 5.2 18.3 2.68 28 60 40 

0.31 368 886 1085 115 : ; : : : 91 0 33 

0.31 231 852 1047 119 32.2 31.9 5.6 18.1 2.58 91 40 67.9 
0.3 195 854 1041 120 34.9 27.6 6.2 19.6 2.62 91 50 51.2 
0.3 156 834 1026 121 30.9 31.4 5.2 18.3 2.68 91 60 54.4 
0.3 229 827 1040 115 32.2 31.9 5.6 18.1 2.58 91 40 52.9 
0.29 193 836 1032 114 34.9 27.6 6.2 19.6 2.62 91 50 43.4 
0.3 155 842 1016 116 30.9 31.4 3:2 18.3 2.68 91 60 41.9 
0.3 229 844 1032 113 32.2 31.9 5.6 18.1 2.58 91 40 51.1 
0.3 193 850 1126 116 34.9 27.6 6.2 19.6 2.62 91 50 51.3 
0.3 154 818 1016 117 30.9 31.4 5.2 18.3 2.68 91 60 44.2 
0.31 368 886 1085 115 365 0 66.5 
0.31 231 852 1047 119 32.2 31.9 5.6 18.1 2.58 365 40 72.5 
0.3 195 854 1041 120 34.9 27.6 6.2 19.6 2.62 365 50 66.9 
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0.3 156 834 1026 121 30.9 31.4 5.2 18.3 2.68 365 60 60.8 
0.3 229 827 1040 115 32.2 31.9 5.6 18.1 2.58 365 40 63.3 
0.29 193 836 1032 114 34.9 27.6 6.2 19.6 2.62 365 50 55.1 
0.3 155 842 1016 116 30.9 31.4 3.2 18.3 2.68 365 60 52.9 
0.3 229 844 1032 113 32.2 31.9 5.6 18.1 2.58 365 40 62.9 
0.3 154 818 1016 117 30.9 31.4 3.2 18.3 2.68 365 60 55.7 
0.31 155 616 1264 114 55.6 12.3 3.48 23.1 - 28 33.2 

0.45 409 829 1026 184 59.15 5.93 3.85 21.63 - 3 0 36.5 
0.45 249.4 829 1026 184 59.15 5.93 3.85 21.63 - 3 40 20.3 
0.45 184.1 829 1026 184 59.15 5.93 3.85 21.63 - 3 55 12.1 
0.45 122.7 829 1026 184 59.15 5.93 3.85 21.63 - 3 60 4.7 
0.45 409 829 1026 184 59.15 5.93 3.85 21.63 - 7 0 40.5 
0.45 249.4 829 1026 184 59.15 5.93 3.85 21.63 - 7 40 24.3 
0.45 184.1 829 1026 184 59.15 5.93 3.85 21.63 - 7 aD 15 
0.45 122.7 829 1026 184 59.15 5.93 3.85 21.63 - 7 60 6.7 
0.45 409 829 1026 184 59.15 5.93 3.85 21.63 - 28 0 47.8 
0.45 249.4 829 1026 184 59.15 5.93 3.85 21.63 - 28 40 39.6 
0.45 184.1 829 1026 184 59.15 5.93 3.85 21.63 - 28 55 26.5 
0.45 122.7 829 1026 184 59.15 5.93 3.85 21.63 - 28 60 11.5 
0.45 409 829 1026 184 59.15 5.93 3.85 21.63 - 56 0 50.7 
0.45 249.4 829 1026 184 59.15 5.93 3.85 21.63 - 56 40 48.3 
0.45 184.1 829 1026 184 59.15 5.93 3.85 21.63 - 56 55 34.4 
0.45 122.7 829 1026 184 59.15 5.93 3.85 21.63 - 56 60 16 
0.45 409 829 1026 184 59.15 5.93 3.85 21.63 - 90 0 3255 
0.45 249.4 829 1026 184 59.15 5.93 3.85 21.63 - 90 40 51.1 
0.45 184.1 829 1026 184 59.15 5.93 3.85 21.63 - 90 39 41.2 
0.45 122.7 829 1026 184 59.15 5.93 3.85 21.63 - 90 60 28.1 
0.56 360 616 410 25.1 39.8 15.2 13.7 21.5 - 28 0 43.2 
0.56 322 611 408 23.9 39.8 15.2 13.7 21.5 - 28 10 41.5 
0.56 320 607 404 25.4 39.8 15.2 13.7 21.5 - 28 10 46.2 
0.56 284 607 405 23.3 39.8 15.2 13.7 21.5 - 28 20 37.5 
0.56 280 598 398 26 39.8 15.2 13.7 21.5 - 28 20 43 
0.56 247 604 402 22.7 39.8 15.2 13.7 21.5 - 28 30 33.5 
0.56 243 594 396 25 39.8 15.2 13.7 21.5 - 28 30 36.5 
0.34 400 600 1200 136 50.2 2.6 13.2 28.6 2.4 1 0 12.05 
0.32 400 600 1200 128 50.2 2.6 13.2 28.6 2.4 1 0 33.51 
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0.28 120 600 1200 112 50.2 2.6 13.2 28.6 2.4 1 70 1.76 
0.29 120 600 1200 116 50.2 2.6 13.2 28.6 2.4 1 70 7.09 
0.33 200 600 1200 132 50.2 2.6 13.2 28.6 2.4 1 50 5.62 
0.3 200 600 1200 120 50.2 2.6 13.2 28.6 2.4 1 50 28.25 
0.34 400 600 1200 136 50.2 2.6 13.2 28.6 2.4 3 0 38.41 
0.32 400 600 1200 128 50.2 2.6 13.2 28.6 2.4 3 0 45.27 
0.28 120 600 1200 112 50.2 2.6 13.2 28.6 2.4 3 70 16.34 
0.29 120 600 1200 116 50.2 2.6 13.2 28.6 2.4 3 70 16.64 
0.33 200 600 1200 132 50.2 2.6 13.2 28.6 2.4 3 50 31.85 
0.3 200 600 1200 120 50.2 2.6 13.2 28.6 2.4 3 50 35.3 
0.34 400 600 1200 136 50.2 2.6 13.2 28.6 2.4 7 0 49.27 
0.32 400 600 1200 128 50.2 2.6 13.2 28.6 2.4 7 0 52.63 
0.28 120 600 1200 112 50.2 2.6 13.2 28.6 2.4 7 70 24.01 
0.29 120 600 1200 116 50.2 2.6 13.2 28.6 2.4 7 70 18.6 
0.33 200 600 1200 132 50.2 2.6 13.2 28.6 2.4 7 50 38 
0.3 200 600 1200 120 50.2 2.6 13.2 28.6 2.4 7 50 48.3 
0.34 400 600 1200 136 50.2 2.6 13.2 28.6 2.4 28 0 60.75 
0.32 400 600 1200 128 50.2 2.6 13.2 28.6 2.4 28 0 64.95 
0.28 120 600 1200 112 50.2 2.6 13.2 28.6 2.4 28 70 33.25 
0.29 120 600 1200 116 50.2 2.6 13.2 28.6 2.4 28 70 30.55 
0.33 200 600 1200 132 50.2 2.6 13.2 28.6 2.4 28 50 37 
0.3 200 600 1200 120 50.2 2.6 13.2 28.6 2.4 28 50 66.55 
0.34 400 600 1200 136 50.2 2.6 13.2 28.6 2.4 91 0 65.03 
0.32 400 600 1200 128 50.2 2.6 13.2 28.6 2.4 91 0 68.1 
0.28 120 600 1200 112 50.2 2.6 13.2 28.6 2.4 91 70 40.75 
0.29 120 600 1200 116 50.2 2.6 13.2 28.6 2.4 91 70 41.1 
0.33 200 600 1200 132 50.2 2.6 13.2 28.6 2.4 91 50 60.2 
0.3 200 600 1200 120 50.2 2.6 13.2 28.6 2.4 91 50 719 
0.34 400 600 1200 136 50.2 2.6 13.2 28.6 2.4 180 0 69.13 
0.32 400 600 1200 128 50.2 2.6 13.2 28.6 2.4 180 0 72.29 
0.28 120 600 1200 112 50.2 2.6 13.2 28.6 2.4 180 70 42.25 
0.29 120 600 1200 116 50.2 2.6 13.2 28.6 2.4 180 70 43 
0.33 200 600 1200 132 50.2 2.6 13.2 28.6 2.4 180 50 67.3 
0.3 200 600 1200 120 50.2 2.6 13.2 28.6 2.4 180 50 81.6 
0.34 400 600 1200 136 50.2 2.6 13.2 28.6 2.4 365 0 71 
0.32 400 600 1200 128 50.2 2.6 13.2 28.6 2.4 365 0 77.08 
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0.28 120 600 1200 112 50.2 2.6 13.2 28.6 2.4 365 70 45 
0.29 120 600 1200 116 50.2 2.6 13.2 28.6 2.4 365 70 48.05 
0.33 200 600 1200 132 50.2 2.6 13.2 28.6 2.4 365 50 67.6 
0.3 200 600 1200 120 50.2 2.6 13.2 28.6 2.4 365 50 83.6 
0.4 400 585 1270 160 62.54 1.54 4.98 28 2.4 7 0 3.56 
0.4 320 564 1270 160 62.54 1.54 4.98 28 2.4 7 20 3.38 
0.4 280 554 1270 160 62.54 1.54 4.98 28 2.4 7 30 3.06 
0.4 240 543 1270 160 62.54 1.54 4.98 28 2.4 7 40 2.81 
0.4 200 533 1270 160 62.54 1.54 4.98 28 2.4 7 50 2.64 
0.4 160 522 1270 160 62.54 1.54 4.98 28 2.4 7 60 2.48 
0.34 400 649 1270 136 62.54 1.54 4.98 28 2.4 7 0 4.16 
0.34 320 628 1270 136 62.54 1.54 4.98 28 2.4 7 20 4.26 
0.34 280 618 1270 136 62.54 1.54 4.98 28 2.4 7 30 3.78 
0.34 240 607 1270 136 62.54 1.54 4.98 28 2.4 7 40 3.25 
0.34 200 596 1270 136 62.54 1.54 4.98 28 2.4 7 50 2.98 
0.34 160 586 1270 136 62.54 1.54 4.98 28 2.4 7 60 2.84 
0.3 400 692 1270 120 62.54 1.54 4.98 28 2.4 7 0 4.31 
0.3 320 671 1270 120 62.54 1.54 4.98 28 2.4 7 20 4.49 
0.3 280 660 1270 120 62.54 1.54 4.98 28 2.4 7 30 3.86 
0.3 240 650 1270 120 62.54 1.54 4.98 28 2.4 7 40 3.65 
0.3 200 639 1270 120 62.54 1.54 4.98 28 2.4 7 50 3.5 
0.3 160 628 1270 120 62.54 1.54 4.98 28 2.4 7 60 3.4 
0.4 400 585 1270 160 62.54 1.54 4.98 28 2.4 28 0 4.5 
0.4 320 564 1270 160 62.54 1.54 4.98 28 2.4 28 20 4.32 
0.4 280 554 1270 160 62.54 1.54 4.98 28 2.4 28 30 4.26 
0.4 240 543 1270 160 62.54 1.54 4.98 28 2.4 28 40 4.19 
0.4 200 533 1270 160 62.54 1.54 4.98 28 2.4 28 50 3.82 
0.4 160 522 1270 160 62.54 1.54 4.98 28 2.4 28 60 3.64 
0.34 400 649 1270 136 62.54 1.54 4.98 28 2.4 28 0 5.11 
0.34 320 628 1270 136 62.54 1.54 4.98 28 2.4 28 20 5.17 
0.34 280 618 1270 136 62.54 1.54 4.98 28 2.4 28 30 4.81 
0.34 240 607 1270 136 62.54 1.54 4.98 28 2.4 28 40 4.78 
0.34 200 596 1270 136 62.54 1.54 4.98 28 2.4 28 50 4.48 
0.34 160 586 1270 136 62.54 1.54 4.98 28 2.4 28 60 4.19 
0.3 400 692 1270 120 62.54 1.54 4.98 28 2.4 28 0 5.65 
0.3 320 671 1270 120 62.54 1.54 4.98 28 2.4 28 20 6 
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0.3 280 660 1270 120 62.54 1.54 4.98 28 2.4 28 30 5.62 
0.3 240 650 1270 120 62.54 1.54 4.98 28 2.4 28 40 5.47 
0.3 200 639 1270 120 62.54 1.54 4.98 28 2.4 28 50 5.28 
0.3 160 628 1270 120 62.54 1.54 4.98 28 2.4 28 60 4.75 
0.4 400 585 1270 160 62.54 1.54 4.98 28 2.4 90 0 4.79 
0.4 320 564 1270 160 62.54 1.54 4.98 28 2.4 90 20 4.72 
0.4 280 554 1270 160 62.54 1.54 4.98 28 2.4 90 30 4.89 
0.4 240 543 1270 160 62.54 1.54 4.98 28 2.4 90 40 4.95 
0.4 200 533 1270 160 62.54 1.54 4.98 28 2.4 90 50 4.61 
0.4 160 522 1270 160 62.54 1.54 4.98 28 2.4 90 60 4.44 
0.34 400 649 1270 136 62.54 1.54 4.98 28 2.4 90 0 5.51 
0.34 320 628 1270 136 62.54 1.54 4.98 28 2.4 90 20 5.6 
0.34 280 618 1270 136 62.54 1.54 4.98 28 2.4 90 30 5.74 
0.34 240 607 1270 136 62.54 1.54 4.98 28 2.4 90 40 5.81 
0.34 200 596 1270 136 62.54 1.54 4.98 28 2.4 90 50 5.43 
0.34 160 586 1270 136 62.54 1.54 4.98 28 2.4 90 60 4.92 
0.3 400 692 1270 120 62.54 1.54 4.98 28 2.4 90 0 6.37 
0.3 320 671 1270 120 62.54 1.54 4.98 28 2.4 90 20 6.35 
0.3 280 660 1270 120 62.54 1.54 4.98 28 2.4 90 30 6.4 
0.3 240 650 1270 120 62.54 1.54 4.98 28 2.4 90 40 6.57 
0.3 200 639 1270 120 62.54 1.54 4.98 28 2.4 90 50 5.86 
0.3 160 628 1270 120 62.54 1.54 4.98 28 2.4 90 60 D209 
0.4 400 585 1270 160 62.54 1.54 4.98 28 2.4 180 0 5.26 
0.4 320 564 1270 160 62.54 1.54 4.98 28 2.4 180 20 5.44 
0.4 280 554 1270 160 62.54 1.54 4.98 28 2.4 180 30 5.49 
0.4 240 543 1270 160 62.54 1.54 4.98 28 2.4 180 40 5.68 
0.4 200 533 1270 160 62.54 1.54 4.98 28 2.4 180 50 5.41 
0.4 160 522 1270 160 62.54 1.54 4.98 28 2.4 180 60 5.16 
0.34 400 649 1270 136 62.54 1.54 4.98 28 2.4 180 0 5.74 
0.34 320 628 1270 136 62.54 1.54 4.98 28 2.4 180 20 6.07 
0.34 280 618 1270 136 62.54 1.54 4.98 28 2.4 180 30 6.2 
0.34 240 607 1270 136 62.54 1.54 4.98 28 2.4 180 40 6.2 
0.34 200 596 1270 136 62.54 1.54 4.98 28 2.4 180 50 5.77 
0.34 160 586 1270 136 62.54 1.54 4.98 28 2.4 180 60 5.17 
0.3 400 692 1270 120 62.54 1.54 4.98 28 2.4 180 0 6.49 
0.3 320 671 1270 120 62.54 1.54 4.98 28 2.4 180 20 6.6 
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0.3 280 660 1270 120 62.54 1.54 4.98 28 2.4 180 30 6.66 
0.3 240 650 1270 120 62.54 1.54 4.98 28 2.4 180 40 6.71 
0.3 200 639 1270 120 62.54 1.54 4.98 28 2.4 180 50 5.95 
0.3 160 628 1270 120 62.54 1.54 4.98 28 2.4 180 60 5.45 
0.4 400 585 1270 160 62.54 1.54 4.98 28 2.4 256 0 5.49 
0.4 320 564 1270 160 62.54 1.54 4.98 28 2.4 256 20 5.61 
0.4 280 554 1270 160 62.54 1.54 4.98 28 2.4 256 30 5.64 
0.4 240 543 1270 160 62.54 1.54 4.98 28 2.4 256 40 5.83 
0.4 200 533 1270 160 62.54 1.54 4.98 28 2.4 256 50 5.59 
0.4 160 522 1270 160 62.54 1.54 4.98 28 2.4 256 60 5.34 
0.34 400 649 1270 136 62.54 1.54 4.98 28 2.4 256 0 6.11 
0.34 320 628 1270 136 62.54 1.54 4.98 28 2.4 256 20 6.19 
0.34 280 618 1270 136 62.54 1.54 4.98 28 2.4 256 30 6.33 
0.34 240 607 1270 136 62.54 1.54 4.98 28 2.4 256 40 6.57 
0.34 200 596 1270 136 62.54 1.54 4.98 28 2.4 256 50 6.32 
0.34 160 586 1270 136 62.54 1.54 4.98 28 2.4 256 60 5.61 
0.3 400 692 1270 120 62.54 1.54 4.98 28 2.4 256 0 6.93 
0.3 320 671 1270 120 62.54 1.54 4.98 28 2.4 256 20 7.04 
0.3 280 660 1270 120 62.54 1.54 4.98 28 2.4 256 30 7.08 
0.3 240 650 1270 120 62.54 1.54 4.98 28 2.4 256 40 7.28 
0.3 200 639 1270 120 62.54 1.54 4.98 28 2.4 256 50 6.67 
0.3 160 628 1270 120 62.54 1.54 4.98 28 2.4 256 60 5.6 
0.4 400 585 1270 160 62.54 1.54 4.98 28 2.4 365 0 5.74 
0.4 320 564 1270 160 62.54 1.54 4.98 28 2.4 365 20 5.84 
0.4 280 554 1270 160 62.54 1.54 4.98 28 2.4 365 30 5.96 
0.4 240 543 1270 160 62.54 1.54 4.98 28 2.4 365 40 6.06 
0.4 200 533 1270 160 62.54 1.54 4.98 28 2.4 365 50 5.84 
0.4 160 522 1270 160 62.54 1.54 4.98 28 2.4 365 60 5.48 
0.34 400 649 1270 136 62.54 1.54 4.98 28 2.4 365 0 6.27 
0.34 320 628 1270 136 62.54 1.54 4.98 28 2.4 365 20 6.33 
0.34 280 618 1270 136 62.54 1.54 4.98 28 2.4 365 30 6.54 
0.34 240 607 1270 136 62.54 1.54 4.98 28 2.4 365 40 6.71 
0.34 200 596 1270 136 62.54 1.54 4.98 28 2.4 365 50 6.43 
0.34 160 586 1270 136 62.54 1.54 4.98 28 2.4 365 60 5.78 
0.3 400 692 1270 120 62.54 1.54 4.98 28 2.4 365 0 7.06 
0.3 320 671 1270 120 62.54 1.54 4.98 28 2.4 365 20 7.06 
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0.3 280 660 1270 120 62.54 1.54 4.98 28 2.4 365 30 7.39 
0.3 240 650 1270 120 62.54 1.54 4.98 28 2.4 365 40 cee) 
0.3 200 639 1270 120 62.54 1.54 4.98 28 2.4 365 50 74 
0.3 160 628 1270 120 62.54 1.54 4.98 28 2.4 365 60 6.22 
- 250 1285 555 218 ST595 2.1 6.5 25.16 - 28 0 23.1 
- 200 1293 558 216 57.55 2.1 6.5 25.16 - 28 15 21.3 
- 200 1266 547 219 IEDD 2.1 6.5 25.16 - 28 25 22.4 
- 200 1246 538 221 57.55 2.1 6.5 25.16 - 28 33 22.9 
- 200 1225 529 224 57.55 2.1 6.5 25.16 - 28 42 22.7 
- 200 1203 519 229 57.55 2.1 6.5 25.16 - 28 50 21.4 
- 200 1184 S11 232 RY Eee) 2.1 6.5 25.16 - 28 58 20 
- 300 1242 536 225 57.55 2.1 6.5 25.16 - 28 0 29.5 
- 240 1251 540 223 57.55 2.1 6.5 25.16 - 28 15 27.1 
- 240 1221 527 225 57.55 2.1 6.5 25.16 - 28 25 29.2 
- 240 1195 516 228 SEIS 2.1 6.5 25.16 - 28 33 29.6 
- 240 1176 508 231 57.55 2.1 6.5 25.16 - 28 42 29.8 
- 240 1146 495 236 37,95 2.1 6.5 25.16 - 28 50 28.5 
- 240 1122 484 240 57.55 2.1 6.5 25.16 - 28 58 26.9 
- 350 1197 517 232 DDD 2.1 6.5 25.16 - 28 0 35.7 
- 280 1208 522 230 57.55 2.1 6.5 25.16 - 28 15 33 
- 280 1174 507 232 57.55 2.1 6.5 25.16 - 28 25 35.6 
- 280 1142 493 236 31.59 2.1 6.5 25.16 - 28 33 36.2 
- 280 1114 481 240 57.55 2.1 6.5 25.16 - 28 42 36.5 
- 280 1088 470 245 ey eps) 2.1 6.5 25.16 - 28 50 35.5 
- 280 1058 457 249 57.55 2.1 6.5 25.16 - 28 58 33.6 
- 400 1154 498 239 d7:59 2.1 6.5 25.16 - 28 0 41.5 
- 320 1159 501 237 57.55 2.1 6.5 25.16 - 28 15 39.3 
- 320 1122 484 240 57.55 2.1 6.5 25.16 - 28 25 41.4 
- 320 1096 473 243 57.55 2.1 6.5 25.16 - 28 33 42.5 
- 320 1062 458 247 1.59 2.1 6.5 25.16 - 28 42 42.7 
- 320 1032 446 251 57.55 2.1 6.5 25.16 - 28 50 41.2 
- 320 1009 436 209 ey eps) 2.1 6.5 25.16 - 28 58 39.5 
- 250 1285 555 218 57.55 2.1 6.5 25.16 - 180 0 26.6 
- 200 1293 558 216 D759 2.1 6.5 25.16 - 180 15 25 
- 200 1266 547 219 57.55 2.1 6.5 25.16 - 180 25 26.7 
- 200 1246 538 221 37.55 2.1 6.5 25.16 - 180 33 27.2 
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- 200 1225 529 224 57.55 2.1 6.5 25.16 180 42 27.1 
- 200 1203 519 229 57.55 2.1 6.5 25.16 180 50 25.7 
- 200 1184 S11 232 57.55 2.1 6.5 25.16 180 58 24.2 
- 300 1242 536 225 31,99 2.1 6.5 25.16 180 0 34.2 
- 240 1251 540 223 57.55 2.1 6.5 25.16 180 15 32.2 
- 240 1221 527 225 57.55 2.1 6.5 25.16 180 25 34.6 
- 240 1195 516 228 57.55 2.1 6.5 25.16 180 33 35.3 
- 240 1176 508 231 57.55 2.1 6.5 25.16 180 42 35.6 
- 240 1146 495 236 57.55 2.1 6.5 25.16 180 50 34.2 
- 240 1122 484 240 57.55 2.1 6.5 25.16 180 58 32.6 
- 350 1197 517 232 7.5) 2.1 6.5 25.16 180 0 41.4 
- 280 1208 522 230 37.59 2.1 6.5 25.16 180 15 38.9 
- 280 1174 507 232 57.55 2.1 6.5 25.16 180 25 42.2 
- 280 1142 493 236 57.55 2.1 6.5 25.16 180 33 43.3 
- 280 1114 481 240 57.55 2.1 6.5 25.16 180 42 43.4 
- 280 1088 470 245, 31,99 2.1 6.5 25.16 180 50 42.5 
- 280 1058 457 249 57.55 2.1 6.5 25.16 180 58 40.8 
- 400 1154 498 239 21.2) 2.1 6.5 25.16 180 0 48 
- 320 1159 501 237 57.55 2.1 6.5 25.16 180 15 46.3 
- 320 1122 484 240 57.55 2.1 6.5 25.16 180 25 49.3 
- 320 1096 473 243 51.99 2.1 6.5 25.16 180 33 50.7 
- 320 1062 458 247 7.55 2.1 6.5 25.16 180 42 50.9 
- 320 1032 446 251 57.55 2.1 6.5 25.16 180 50 49.7 
- 320 1009 436 255 D755 2.1 6.5 25.16 180 58 48.3 
0.38 347 864 1039 132 - - - - 28 0 59 
0.31 157 827 1152 109 45.2 1.36 24.83 20.7 28 56 68 
0.46 304 830 1.68 139 - - - - 28 0 49 
0.35 154 768 1129 123 45.2 1.36 24.83 20.7 28 56 52 
0.38 152 772 698 130 45.2 1.36 24.83 20.7 28 56 26 
0.39 153 755 609 136 45.2 1.36 24.83 20.7 28 56 21 
0.38 153 757 726 131 45.2 1.36 24.83 20.7 28 56 31 
0.33 154 645 1198 120 49.02 2.37 12.31 26.69 28 58 32 
0.33 149 631 1173 118 49.02 2.37 12.31 26.69 28 58 38 
0.33 152 645 1203 119 46.2 14.93 77 15.6 28 58 37 
0.33 154 650 1209 120 46.38 19.34 7.38 15.32 28 58 37 
0.33 152 638 1187 119 47.33 1.81 13.82 25.44 28 58 33 
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0.36 500 876 876 180 50.5 2.6 7.4 24.7 - 1 0 38 
0.36 400 845 876 180 50.5 2.6 7.4 24.7 - 1 20 19 
0.36 300 813 876 180 50.5 2.6 7.4 24.7 - 1 40 17 
0.36 200 782 876 180 50.5 2.6 7.4 24.7 - 1 60 5 
0.36 100 751 876 180 50.5 2.6 7.4 24.7 - 1 80 0 
0.36 500 876 876 180 50.5 2.6 7.4 24.7 - 7 0 65 
0.36 400 845 876 180 50.5 2.6 7.4 24.7 - 7 20 42 
0.36 300 813 876 180 50.5 2.6 7.4 24.7 - 7 40 42 
0.36 200 782 876 180 50.5 2.6 7.4 24.7 - 7 60 21.5 
0.36 100 751 876 180 50.5 2.6 7.4 24.7 - 7 80 6 
0.36 500 876 876 180 50.5 2.6 7.4 24.7 - 28 0 72 
0.36 400 845 876 180 50.5 2.6 7.4 24.7 - 28 20 55 
0.36 300 813 876 180 50.5 2.6 7.4 24.7 - 28 40 58 
0.36 200 782 876 180 50.5 2.6 7.4 24.7 - 28 60 32.5 
0.36 100 751 876 180 50.5 2.6 7.4 24.7 - 28 80 10 
0.36 500 876 876 180 50.5 2.6 7.4 24.7 - 56 0 85 
0.36 400 845 876 180 50.5 2.6 7.4 24.7 - 56 20 61 
0.36 300 813 876 180 50.5 2.6 7.4 24.7 - 56 40 69 
0.36 200 782 876 180 50.5 2.6 7.4 24.7 - 56 60 39 
0.36 100 751 876 180 50.5 2.6 7.4 24.7 - 56 80 12 
0.35 404 570 353 202 59.18 2.38 8.8 22.8 2.3 3 30 24 
0.35 404 570 353 202 59.18 2.38 8.8 22.8 2.3 3 30 30 
0.35 404 570 353 202 59.18 2.38 8.8 22.8 2.3 3 30 30 
0.3 333 545 338 200 59.18 2.38 8.8 22.8 2:3 3 50 15 
0.3 333 545 338 193 59.18 2.38 8.8 22.8 2.3 3 50 23 
0.3 333 545, 338 195, 59.18 2.38 8.8 22.8 2.3 3 50 23 
0.35 404 570 353 202 59.18 2.38 8.8 22.8 2.3 7 30 32 
0.35 404 570 353 202 59.18 2.38 8.8 22.8 2.3 7 30 39 
0.35 404 570 353 202 59.18 2.38 8.8 22.8 2.3 7 30 40 
0.3 333 545 338 200 59.18 2.38 8.8 22.8 2.3 7 50 19 
0.3 333 545 338 193 59.18 2.38 8.8 22.8 2:3 7 50 32 
0.3 333 545 338 195 59.18 2.38 8.8 22.8 2.3 7 50 32 
0.35 404 570 353 202 59.18 2.38 8.8 22.8 2.3 28 30 49 
0.35 404 570 353 202 59.18 2.38 8.8 22.8 2.3 28 30 33 
0.35 404 570 353 202 59.18 2.38 8.8 22.8 2.3 28 30 57.5 
0.3 333 545 338 200 59.18 2.38 8.8 22.8 2.3 28 50 22 
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0.3 333 545 338 193 59.18 2.38 8.8 22.8 23 28 50 42 
0.3 333 545 338 195 59.18 2.38 8.8 22.8 2.3 28 50 49 
0.42 202.4 707.5 1057.3 180.4 33.1 28.5 6.53 11.6 2.37 3 60 10 
0.42 201.9 707.5 1057.3 180.7 55.8 5.87 8.31 21 2.39 3 60 7 
0.42 202.4 707.5 0 180.4 33.1 28.5 6.53 11.6 2.37 3 60 4 
0.42 201.9 707.5 0 180.7 55.8 5.87 8.31 21 2.39 3 60 3 
0.42 202.4 707.5 1057.3 180.4 33.1 28.5 6.53 11.6 2.37 28 60 34 
0.42 201.9 707.5 1057.3 180.7 55.8 5.87 8.31 21 2.39 28 60 24 
0.42 202.4 707.5 0 180.4 33.1 28.5 6.53 11.6 2.37 28 60 24 
0.42 201.9 707.5 0 180.7 55.8 5.87 8.31 21 2.39 28 60 11 
0.42 202.4 707.5 1057.3 180.4 33.1 28.5 6.53 11.6 2.37 90 60 46 
0.42 201.9 707.5 1057.3 180.7 55.8 5.87 8.31 21 2.39 90 60 31 
0.42 202.4 707.5 0 180.4 33.1 28.5 6.53 11.6 2.37 90 60 37 
0.42 201.9 707.5 0 180.7 55.8 5.87 8.31 21 2.39 90 60 17 
0.75 255 1745 - 190 47.8 7.1 3.8 30.7 - 3 0 10.5 
0.49 385 1680 - 190 47.8 7.1 3.8 30.7 - 3 0 23.5 
0.37 510 1675 - 190 47.8 7.1 3.8 30.7 - 3 0 39 
0.7 215 1970 - 175 47.8 7.1 3.8 30.7 - 3 15 10.5 
0.45 330 1850 - 175 47.8 7.1 3.8 30.7 - 3 15 23 
0.35 420 1740 - 175 47.8 7.1 3.8 30.7 - 3 15 38.5 
0.63 190 1950 - 170 47.8 7.1 3.8 30.7 - 3 30 10 
0.41 290 1820 - 170 47.8 hell 3.8 30.7 - 3 30 23 
0.33 360 1700 - 170 47.8 7.1 3.8 30.7 - 3 30 38 
0.53 170 1925 - 165 47.8 7.1 3.8 30.7 - 3 45 9.5 
0.24 270 1755 - 165 47.8 7.1 3.8 30.7 - 3 45 21.5 
0.36 350 1545 - 165 47.8 7.1 3.8 30.7 - 3 45 33.5 
0.75 255 1745 - 190 47.8 7.1 3.8 30.7 - 7 0 16.5 
0.49 385 1680 - 190 47.8 7.1 3.8 30.7 - 7 0 34.5 
0.37 510 1675 - 190 47.8 7.1 3.8 30.7 - 7 0 52.5 
0.7 215 1970 - 175 47.8 71 3.8 30.7 - 7 15 16 
0.45 330 1850 - 175 47.8 7.1 3.8 30.7 - 7 15 33 
0.35 420 1740 - 175 47.8 7.1 3.8 30.7 - 7 15 31 
0.63 190 1950 - 170 47.8 7.1 3.8 30.7 - 7 30 15 
0.41 290 1820 - 170 47.8 7.1 3.8 30.7 - 7 30 32 
0.33 360 1700 - 170 47.8 7.1 3.8 30.7 - 7 30 48 
0.53 170 1925 - 165 47.8 7.1 3.8 30.7 - 7 45 14 
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0.24 270 1755 - 165 47.8 7.1 3.8 30.7 - 7 45 30 

0.36 350 1545 - 165 47.8 7.1 3.8 30.7 - 7 45 45 

0.75 255 1745 - 190 47.8 7.1 3.8 30.7 - 14 0 20.5 
0.49 385 1680 - 190 47.8 7.1 3.8 30.7 - 14 0 41.5 
0.37 510 1675 - 190 47.8 7.1 3.8 30.7 - 14 0 62.5 
0.7 215 1970 - 175 47.8 7A 3.8 30.7 - 14 15 20 

0.45 330 1850 - 175 47.8 7.1 3.8 30.7 - 14 15 40.5 
0.35, 420 1740 - 175 47.8 71 3.8 30.7 - 14 15 62.5 
0.63 190 1950 - 170 47.8 7.1 3.8 30.7 - 14 30 19.5 
0.41 290 1820 - 170 47.8 7.1 3.8 30.7 - 14 30 40 

0.33 360 1700 - 170 47.8 7.1 3.8 30.7 - 14 30 57.5 
0.53 170 1925 - 165 47.8 7.1 3.8 30.7 - 14 45 18.5 
0.24 270 1755 - 165 47.8 7.1 3.8 30.7 - 14 45 39 

0.36 350 1545 - 165 47.8 7.1 3.8 30.7 - 14 45 55.5 
0.4 352 676 1205 141 50.96 2.15 8.25 25.88 - 3 0 24.23 
0.4 282 676 1205 141 50.96 2.15 8.25 25.88 - 3 20 16.95 
0.4 246 675 1205 141 50.96 2.15 8.25 25.88 - 3 30 14.23 
0.4 352 676 1205 141 50.96 2.15 8.25 25.88 - 7 0 33.18 
0.4 282 676 1205 141 50.96 2.15 8.25 25.88 - 7 20 30.12 
0.4 246 675 1205 141 50.96 2.15 8.25 25.88 - 7 30 30.06 
0.4 352 676 1205 141 50.96 2.15 8.25 25.88 - 28 0 47.51 
0.4 282 676 1205 141 50.96 2.15 8.25 25.88 - 28 20 48.96 
0.4 246 675 1205 141 50.96 2.15 8.25 25.88 - 28 30 45.1 
0.4 352 676 1205 141 50.96 2.15 8.25 25.88 - 90 0 55.13 
0.4 282 676 1205 141 50.96 2.15 8.25 25.88 - 90 20 59.35 
0.4 246 675 1205 141 50.96 2.15 8.25 25.88 - 90 30 55.11 
0.4 352 676 1205 141 50.96 2.15 8.25 25.88 - 180 0 57.22 
0.4 282 676 1205 141 50.96 2.15 8.25 25.88 - 180 20 62.81 
0.4 246 675 1205 141 50.96 2.15 8.25 25.88 - 180 30 58.83 
0.4 352 676 1205 141 50.96 2.15 8.25 25.88 - 365 0 59.25 
0.4 282 676 1205 141 50.96 2.15 8.25 25.88 - 365 20 67.29 


